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Legacy seabed mapping datasets are increasingly common as the need for detailed seabed information is
recognized. Acoustic backscatter data from multibeam echosounders can be a useful surrogate for seabed prop-
erties and are commonly used for benthic habitat mapping. Legacy backscatter data, however, are often uncali-
brated, rendering measurements relative to a given survey and complicating the use of multisource acoustic
datasets for habitat mapping. Recently, ‘bulk shift’ methods have been proposed to harmonize multisource
backscatter layers that overlap spatially, but their application to benthic habitat mapping has not been evaluated.
Here, four relative backscatter datasets at the St. Anns Bank Marine Protected Area were harmonized to produce a
single continuous surface spanning the extent of available bathymetric data. The harmonized surface was used as
a predictor in a benthic habitat (‘benthoscape’) classification, which was compared to previous results using
individual backscatter coverages. Results were similar to those obtained previously, but the harmonized surface
provided increased class discrimination, fewer unclassified areas, and predictions that cross dataset boundaries –
eliminating the need for manual reclassification by the user. While this generally increases the efficiency and
repeatability of the analysis and the useability of the data, we caution that an inappropriate harmonization model
is a potential source of error for the classification.1. Introduction
Acoustic remote sensing of the seafloor has been increasingly adopted
over the past three decades for a wide variety of applications, including
geological mapping (e.g., Ferrini and Flood, 2006; Hughes Clarke et al.,
1996; Misiuk et al., 2018; Plets et al., 2012; Stephens and Diesing, 2014;
Todd et al., 1999), marine archaeology (e.g., Passaro et al., 2013; Plets
et al., 2011), seafloor environmental change monitoring (e.g., Monter-
eale-Gavazzi et al., 2018; Montereale-Gavazzi et al., 2019; Snellen et al.,
2019; van Rein et al., 2011) and benthic habitat studies (e.g., Boswarva
et al., 2018; Brown et al., 2012; Kostylev et al., 2003; Lacharite et al.,
2018). Multibeam echosounders (MBES) have become the survey tool of
choice as costs and availability have recently become less prohibitive
(Brown et al., 2011; Brown and Blondel, 2009; Lucieer et al., 2018), and
innovation continues with emerging acoustic methods such as interfer-
ometric and synthetic aperture sonar (SAS) (Thorsnes et al., 2019). One
of the primary benefits of these sonar technologies is their ability to
measure both seafloor bathymetry, from which geomorphology can be
derived through the production of digital bathymetric models of the, myriam.lacharite@utas.edu.au (
m 24 December 2020; Accepted
evier B.V. This is an open accessseafloor, and seafloor composition, which can be inferred from the signal
of the returning echo – a property referred to as acoustic backscatter
intensity (De Falco et al., 2010; Lamarche and Lurton, 2018; Lamarche
et al., 2011; Lurton, 2010).
Acoustic backscatter is influenced by seafloor geophysical properties,
including sediment grain size, hardness, roughness, and biotic elements
(Brown and Blondel, 2009; Lamarche and Lurton, 2018).
Sediment-acoustic relationships from MBES are complex due to the in-
fluence of angular dependency of the signal intensity caused by ensoni-
fication geometry across the MBES swath (Fonseca et al., 2009; Lamarche
et al., 2011; Malik, 2019). This is further complicated by the operating
frequency of the MBES, and resulting frequency-dependent interaction
between the acoustic signal and substrate (Brown et al., 2019). Despite
the complexities of signal analysis, progress has been made in developing
post-processing methods wherein backscatter can be rendered useful for
delineating differences in substrate and habitat (see Lurton and Lamar-
che, 2015 for a detailed review).
An ongoing challenge of using MBES backscatter for studying the
seafloor environment is the lack of standardized and achievableM. Lacharite), craig.brown@dal.ca (C.J. Brown).
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entific community as a major obstacle (Lamarche and Lurton, 2018;
Lucieer et al., 2018), and recent studies have examined backscatter
variability and potential calibration approaches – though no single cali-
bration method has achieved widescale adoption thus far (Heaton et al.,
2017; Malik et al., 2018; Montereale-Gavazzi et al., 2019; Roche et al.,
2018; Weber et al., 2018). Uncalibrated MBES can achieve internally
consistent relative backscatter measurements when acquisition parame-
ters are constant within a survey, but multiple surveys using uncalibrated
MBES systems are highly likely to produce inconsistent backscatter
datasets. When a dataset comprises backscatter from multiple sources
(e.g., different MBES systems, time periods, operating frequencies, etc), it
becomes difficult to establish robust relationships between the back-
scatter signal and substrate properties, hindering the use of backscatter
for seabed mapping applications. As seabed mapping approaches become
increasingly automated, it is critical that predictor variables consistently
represent environmental characteristics across the extent of the mapped
area, and the use of uncalibrated multisource backscatter datasets can
invalidate this requirement.
Multisource uncalibrated backscatter datasets may occur for several
reasons. They are often produced when mapping extensive or complex
areas that require multiple surveys to complete. While surveys by mul-
tiple vessels or MBES systems are almost certain to produce incompatible
datasets, incompatibility can also arise from surveys by the same vessel
and MBES system collected at different time periods (Lamarche and
Lurton, 2018). Opportunistic data collected for other purposes may also
be used to fill data gaps, yet these are unlikely to avail of any calibration
procedures. Further, the incorporation of legacy data for seafloor map-
ping can be particularly challenging when acquisition and processing
parameters are unknown or outdated, and the raw data are not available
for reprocessing. These are difficult issues, yet developing solutions to
utilize multisource backscatter datasets is critical for maximizing the
potential of contemporary and legacy seafloor mapping datasets.
One potential approach to handling relative backscatter in-
consistencies is to apply harmonization methods to the post-processed
gridded backscatter mosaics. Misiuk et al. (2020) demonstrated back-
scatter harmonization that relies on areas of mutual survey overlap to
calibrate disparate datasets – termed “bulk shift” approaches. These may
be compared to the use of natural reference areas for system calibration
(Roche et al., 2018; Weber et al., 2018), but with ad hoc areas of mutual
survey coverage from raster grids rather than pre-defined calibration
patches. While undoubtedly less rigorous, bulk shift approaches do not
require the raw data or a pre-planned calibration procedure, making
them potentially useable for harmonizing datasets from a variety of or-
igins, including opportunistic and legacy sources. Furthermore, the use of
gridded data implies aggregation, which may compensate for differences
in fine-scale substrate characterisation between sensors.
The implications of bulk shift harmonization approaches for benthic
habitat mapping – for which a single consistent backscatter layer is
highly desirable – are promising. For many statistical approaches to
benthoscape classification and species distribution modelling (SDM),
there exist a host of statistical and practical difficulties associated with
deriving spatially continuous habitat predictions from multiple uncali-
brated backscatter datasets. These include differences in ground truth
sampling effort between datasets, discontinuous characterization of
other environmental gradients across datasets (e.g., morphology,
oceanography), and abrupt disagreement of segmented model pre-
dictions at dataset boundaries (Lacharite et al., 2018). Use of the bulk
shift backscatter harmonization for habitat mapping is therefore moti-
vated by a need for continuous and internally consistent surrogates for
seabed substrate properties, which should strive to match the extent and
quality of other common morphological and oceanographic variables.
For geospatial modelling, backscatter layers should ideally be robust to
differences in sampling effort and dataset boundary effects.
The effectiveness of bulk shift harmonization methods for producing
continuous and consistent substrate surrogates for benthic habitat2
mapping has not yet been demonstrated. It is necessary to investigate
whether bulk shift harmonization can alleviate issues associated with
ground truth fragmentation and dataset discontinuity, but several well-
recognized challenges for this approach must also be considered. Dif-
ferences between data acquisition and processing parameters (sonar
system, operating frequency, beam geometry) present potential chal-
lenges for backscatter harmonization, and the impacts of these challenges
on habitat mapping methods and products is currently not resolved.
In this study, we investigate the applicability of bulk shift backscatter
harmonization to benthic habitat classification through a comparative
study using individual and harmonized backscatter layers. Lacharite et al.
(2018) derived a benthic habitat map for a portion of the St. Anns Bank
Marine Protected Area (MPA), off the coast of Nova Scotia, Canada, by
using four separate MBES datasets collected over multiple years, with
different MBES systems, using different operating frequencies. This study
employed object-based image analysis (OBIA) – a popular method to
define thematic seafloor units (e.g., Diesing et al., 2014; Innangi et al.,
2019; Janowski et al., 2020; Lucieer, 2008) – to combine results from the
four coverages into a single seamless habitat map. Clear discontinuities at
dataset boundaries and uneven spatial distribution of ground truth data
across the MBES datasets were recognized difficulties in this study,
requiring manual reclassification to correct. Because each MBES
coverage overlaps with adjacent coverages, it is possible to use bulk shift
approaches to generate a harmonized backscatter layer for the habitat
classification – results from which can be compared to those generated
from the individual coverages.
The goals of this study are:
i) to generate a harmonized backscatter mosaic using legacy datasets for
St. Anns Bank (Nova Scotia, Canada) and investigate internal methods
of validation;
ii) to use the harmonized backscatter mosaic to produce a benthic
habitat classification (benthoscape) map and compare results with
those generated using individual coverages by Lacharite et al. (2018).
2. Methods
2.1. Study area and data sets
St. Anns Bank is located off the eastern coast of Nova Scotia (Atlantic
Canada), approximately 16 km east of Cape Breton Island (Fig. 1). The
MBES data cover an area of 2870 km2 ranging in depth from ~20 to 275
m and extending from the bank to deeper waters in the adjacent Lau-
rentian Channel. The study area is located within the St. Anns Bank MPA,
designated in 2018 under Canada’s Oceans Act to conserve local
ecological diversity.
Four surveys were conducted in the area using different MBES sys-
tems. The Canadian Hydrographic Service (CHS) first surveyed portions
of St. Anns Bank in 2010 with the CCGS Matthew, CSL Plover, and CSL
Pipit. The Matthew mapped the largest portion of the area using a
Kongsberg Simrad EM710 70–100 kHz MBES; the Plover and Pipit map-
ped a smaller shallow area in the western part of the site, each using
Kongsberg Simrad EM3002 300 kHzMBES systems. Further surveys were
conducted aboard the CCGS Creed in 2012 at the western and southern
parts of the study area using a Kongsberg Simrad EM1002 95 kHz MBES.
Finally, acquisition of a fourth dataset at the northernmost part of the
study area was contracted by Fisheries and Oceans Canada to a private
survey company in 2013 and was completed by the M/V Dominion Victory
using a pole mounted Reson7111 100 kHz MBES.
The raw backscatter signal from each MBES was recorded during
acquisition and subsequently processed using the QPS software suite. The
Fledermaus Geocoder Toolbox (FMGT) was used to extract the backscatter
as time series snippets from the raw MBES data. Radiometric corrections
were applied using default settings within the software, followed by angle-
varying gain and anti-aliasing. The resulting dataset was aggregated and
gridded at a 5 m horizontal resolution (WGS84 UTM Zone 21 N).
Fig. 1. Location of the study site within the St. Anns Bank MPA off the coast of Nova Scotia, Canada.
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area were included in this analysis (Fig. 2). Seabed photographic surveys
were conducted in September 2014 (14 stations) from the R/V Strait
Explorer and in November 2013 (33 stations) from the R/V Strait Signet. A
passive dropdown camera system was deployed at each station at an
altitude of 1–2 m above the seafloor along a linear transect (200–500 m
in length), yielding between 34 and 110 usable photographs per station.
The drop-camera system was fitted with a 10 Megapixel Kongsberg
OE14-408 Underwater Digital Stills Camera with integrated lasers (16 cm
apart) and video cameras. Photographs were taken based on the real-time
video feed aboard the ship, and seabed positioning was estimated by
calculating offsets from geolocation acquired at the surface.
Imagery from three previous federal government surveys was also
incorporated into the dataset. Three stations were included from a 2009
survey aboard the CCGS Hudson using a drop-camera (4KCam - Geolog-
ical Survey of Canada), which housed a Canon Rebel Eos Ti 12-megapixel
camera triggered automatically when the system touches the seafloor.
Two stations were also included that were acquired using the drop
camera system Campod (Fisheries and Oceans Canada), which consists of
a downward-facing Nikon D300 12-megapixel camera mounted on a
tripod. Additional imagery from the 2010 CCGS Matthew cruise3
comprised nine stations acquired using a Natural Resources Canada
system (Deep Imager) supporting a Sony 520CX HD camera with lights.
2.2. Resampling and harmonization
To match the 50 m horizontal grid resolution used in Lacharite et al.
(2018), all backscatter datasets were resampled from the initial 5 m
raster grid using bilinear interpolation. The EM710 grid was the most
extensive and overlapped all other datasets; each other grid was aligned
with it during resampling. The resampled backscatter datasets were then
harmonized using the bulk shift method described by Misiuk et al.
(2020), with the EM710 dataset as the target layer. Each dataset was first
corrected with reference to the EM710 data, then all corrected datasets
were mosaicked to produce the harmonized backscatter layer.
The methodology employed to correct backscatter datasets to the
target dataset is detailed in Misiuk et al. (2020) and is summarized here.
This approach models corrected backscatter values using differences
between overlapping shift and target datasets, and optional associated
bathymetric variables. First, the values of the EM710 data and the dataset
being corrected (the shift layer) are extracted from the area of overlap.
The values of the shift dataset are subtracted from the target data (EM710)
Fig. 2. Bathymetry at St. Anns Bank with 50 m isobaths and underwater camera station locations.
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error is treated as a response variable, and a model is fit using the dB level
of the shift layer as a predictor, along with optional additional variables
such as water depth, which was selected for its previous utility in
reducing harmonization error (Misiuk et al., 2020). The model is then
used to predict the error across the remainder of the shift dataset, outside
the area of overlap. In other words, the difference between the two
datasets that is observed where they overlap is used to infer, in general,
how much the shift dataset must be adjusted by to match the target as
closely as possible. This model is used to generate values that are added
to the original data to obtain the desired corrections. Given a modelling
method that is more complex than a simple mean shift, this procedure
simultaneously rescales the shift data to the target and corrects for
non-uniform differences in backscatter calibration between datasets.
Finally, the model fit is assessed using plots of the relationships between
predictor variables and the response (dB error), residual plots, and sta-
tistical distribution plots and statistics. While any regression modelling
method can be used within this framework to predict the error of the shift
dataset and correct it with reference to the target, previous simulations
have suggested the preference of low variance models (Misiuk et al.,
2020).Table 1
Benthoscape classes defined for St. Anns Bank (Atlantic Canada).




A Mud 813 19%
Asp Mud with seapens 243 6%
B Gravelly sand/mud; <50% cobbles/
gravel
524 12%
C Till >50% cobbles/gravel 1115 26%
D Till with coralline algae 956 23%
E Gravel with crinoids 216 5%
F Sand with sand dollars 347 8%
4
All corrections here were applied using the ‘bulkshift’ function
(available in Misiuk et al., 2020) in R 3.6.3 (R Core Team, 2019). Mul-
tiple regression was selected for the error models, and ‘depth’ from the
bathymetric raster (Fig. 2) was supplied as a predictor variable in addi-
tion to the shift dB values. Model fit was assessed using error and residual
plots, probability density functions (PDFs), and the mean absolute error
(MAE) between the target dataset and the layer being shifted. The
harmonization quality was also assessed visually in the final backscatter
mosaic.2.3. Classification
Segmentation and classification of the bathymetry and harmonized
backscatter mosaics was conducted according to methods in Lacharite
et al. (2018) using the software eCognition v9.5. Segmentation and su-
pervised classification were originally performed separately on the four
multibeam coverages. A portion of the classified image-objects were
subsequently manually re-classified to produce a single seamless ben-
thoscape map at St. Anns Bank by correcting for obvious classification
errors, filling gaps due to sparse ground-truthing data in select regions,
and ensuring continuity across coverage boundaries. Ground-truth data
used in Lacharite et al. (2018) comprised 4214 benthic images, each
classified to one of seven benthoscape classes (Table 1), located at 61
stations across St. Anns Bank (Fig. 2). The same ground-truth dataset was
used here.
Mosaics were segmented using the Multiresolution Segmentation
(default settings; scale parameter: 15, shape: 0.1, compactness: 0.5)
within eCognition, with acoustic backscatter strength given twice the
weight of bathymetry. Classification of resulting image-objects was per-
formed using a nearest neighbor supervised scheme based on the seven
benthoscape classes. While only the EM710 coverage was used for
defining classes in the original study, the harmonized backscatter mosaic
enabled class definition here using all image-objects containing ground-
B. Misiuk et al. Science of Remote Sensing 3 (2021) 100015truth. Samples were selected by overlaying georeferenced classified im-
ages over image-objects. In most cases (80%), a single benthoscape class
was observed at individual stations. If not, when suitable, adjacent
image-objects were also classified to represent the full local variability of
benthic classes. Class definitions consisted of five variables within image-
objects: mean and standard deviation of bathymetry and backscatter
intensity, and mean bathymetric position index (BPI; radius of 500 m) –
the same suite of variables used by Lacharite et al. (2018). BPI was
derived with the Benthic Terrain Modeller Toolbox v3.0 (Walbridge
et al., 2018) in ArcGIS. The classification assigns a membership value [0,
1] to each image-object, representing the Euclidean distance to each class
center, after standardization. Image-objects were then classified ac-
cording to their highest membership values (excluding samples), with
those of membership values < 0.1 remaining ‘unclassified’.2.4. Benthoscape map comparison
The classification resulting from the harmonized backscatter mosaic
was compared to the benthosape maps generated by Lacharite et al.
(2018). For comparison, the original map from the previous study (before
manual re-classification) is termed ‘Original’, the final map from theFig. 3. Results of backscatter dataset harmonization at the St. Anns Bank MPA (Nova
the harmonized backscatter mosaic after corrections using the bulk shift approach (
nization for: (c–d) EM710 and EM3002 datasets; (e–f) EM710, EM3002, and EM100
5
previous study (after manual re-classification) is termed ‘Manual’, and
the benthoscape map produced here is termed ‘Harmonized Backscatter’.
Comparison with the Original and Manual maps from Lacharite et al.
(2018) were conducted using two metrics: 1) membership values to the
assigned classes and spatial patterns in gain (or decrease) in these values
for all image-objects, and 2) changes in class assignment by proportion of
surface area. Dataset boundaries were also manually examined for con-
tinuity to qualify the effectiveness of the harmonization.
3. Results
3.1. Harmonization
Visual analysis suggested the bulk shift procedure was effective at
rescaling the three datasets with respect to the EM710 backscatter values
(Fig. 3). Few dataset compilation artefacts remained after harmonization,
even at the boundary of the Reson7111 survey, which was originally of
disparate scale, with arbitrary units ranging between ~130 and 180. The
bulk shift procedure effectively normalizes these data to a scale compa-
rable to the relative dB scale of the target dataset (EM710). PDFs illustrate
the change in data distribution of the shift layers at the area of overlapScotia, Canada), with (a) backscatter datasets from four separate surveys, and (b)
Misiuk et al., 2020). Dataset boundaries are compared before and after harmo-
2 datasets; (g–h) EM710 and Reson7111 datasets.
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at the overlaps is increased substantially by the bulk shifts, with initial
MAE values of 8.12, 7.58, and 167.13 dB reduced to 1.62, 1.18, and 1.38
dB after harmonization for EM3002, EM1002, and Reson7111 datasets,
respectively.
Linear relationships were observed between backscatter error and
depth at the areas of overlap (Fig. 5). The slope of the relationship was
gradual for EM3002 and EM1002 datasets (0.02 and 0.01 dB/m), but
error increased more rapidly with depth for the Reson7111 dataset (0.13
dB/m). The overlap between Reson7111 and EM710 surveys also span-
ned a greater depth range than the other surveys – from 75 to 255 m.
Although the relationships between depth and error appeared linear,
interpretation of the statistical significance of the multiple regression
coefficients is avoided, as the spatial autocorrelation of proximal raster
pixels may compromise their independence. Residuals do, however,
appear to largely conform to a normal distribution for all models (Ap-
pendix; Figure A1) – though the presence of outliers is notable (Fig. 5).3.2. Classification
Segmentation using the harmonized backscatter mosaic yielded 2074
image-objects – slightly fewer than the combined 2189 image-objects in
the segmentation of the four individual coverages in Lacharite et al.
(2018). Classification of these image-objects into the seven benthoscape
classes produced a map similar to both the Original and Manual maps
(Fig. 6). Local variability in benthoscape classes was more pronounced
here than in the final benthoscape map (‘Manual’) in the previous study,
but interestingly, was similar to the Original map derived from the four
individual coverages. Thirty image-objects were ‘unclassified’ in the
Harmonized Backscatter map (1.4% of image-objects; 0.4% of surface
area), while 87 were ‘unclassified’ among individual coverages in the
Original map (4% of image-objects). This unclassified area (0.4% of total
surface area) of the Harmonized Backscatter map could indicate the
presence of un-sampled benthoscape class(es) and/or acoustic mapping
errors or outliers.
Excluding unclassified image-objects in both the previous and new
maps (2.4% of the surface area), the relative proportion of benthoscape
classes was similar between Original, Manual, and Harmonized Back-
scatter maps, with few exceptions. Classification at 71.4% of the surface
area was consistent with previous maps; the total agreement across all
three maps was 63.4%, while agreement between only the Manual and
Harmonized Backscatter (but not the Original) maps was 6.0%. Agree-
ment between only Original and Harmonized Backscatter (but not
Manual) maps was 2.0%. Where the class of the Harmonized Backscatter
map differed from previous maps (28.6% of surface area), the Original
and Manual maps agreed at 27.4% of the surface area. True confusion in
classification occurred at 1.3% of the surface area, where all three mapsFig. 4. PDFs of the EM710 target layer, compared to the A) EM3002, B) EM1002, an
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disagreed. Changes in relative cover of benthic classes in the new map
vary between 8% of surface area relative to previous maps (Fig. 7).
Coverage of benthoscape class B increased most, replacing the bentho-
scape classes A, C and F.
Membership values of individual image-objects increased when using
the Harmonized Mosaic (average: 0.82 excluding image-objects used as
samples, but including unclassified image-objects with a value of 0)
relative to the average of the initial segmentation and classification
among the four coverages in the previous study (0.73; Fig. 8). Positive
gain in membership values were observed at the boundaries of the four
initial coverages, especially within the Reson7111 coverage, where many
unclassified image-objects occurred in the Original map, and at the
EM3002 boundary with the EM710 coverage (Fig. 9). Low membership
values were attributed to the lack of ground-truth data of benthoscape




Visual and statistical analysis of the St. Anns Bank backscatter mosaic
suggested that harmonization was effective for relative calibration of
these datasets. Discontinuities at the dataset boundaries are the most
obvious visual indicators of poor harmonization quality, and continuity
between MBES coverages was clearly enhanced in the harmonized
backscatter mosaic (Fig. 3). Though it may not be surprising that com-
mon substrate types (or backscatter levels) of overlapping datasets align
well after a bulk shift, rarer substrate types and sporadic features may be
useful for diagnosing the transferability of corrections to the tails of the
dataset. Obvious discontinuities across survey boundaries at distinct
seabed features may indicate that the harmonization model may not be
appropriate for the entire distribution of data values. The mean absolute
error across all overlapping grid cells decreased substantially after the
bulk shift, suggesting a useful model, yet it is important to recall that fit
statistics of the training data can suffer from over-optimism regarding
model transferability. This may motivate the selection of “low variance”
modelling approaches, such as generalized linear models, for their
transferability, rather than more complex, higher variance models
(Misiuk et al., 2020).
Although it is tempting to rely on the significance estimates of model
coefficients to determine the quality of a model for a bulk shift of
backscatter values, these are likely to suffer from non-independence
caused by the spatial autocorrelation of grid cells. It is still critical to
diagnose the model fit quality though, and this can be accomplished
using tools such as descriptive plots of predictive relationships (e.g.,
univariate or partial dependence plots) and model residuals – yet cared C) Reson7111 shift layers before and after correction, at the areas of overlap.
Fig. 5. Error between EM710 backscatter values as a function of depth at areas of overlap for A) EM3002, B) EM1002, and C) Reson7111 datasets. Note that the line of
best fit is a univariate regression between depth and backscatter error for visualization and does not represent the exact coefficients used in the full multiple
regression models.
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Alternatively, a more sophisticated model validation could be performed
to account for autocorrelation. Although results fromMisiuk et al. (2020)
suggested that visual interpretation of the harmonized mosaics aligned
well with test statistics in simulation, and that multiple regression models
largely avoided overfitting the data at the area of survey overlap, it is still
necessary to obtain a well-rounded understanding of the model quality
using a diverse set of tools that include visual assessment of the mosaic,
and visual and statistical assessment of the model error and residuals.
This is particularly important for deciding whether to include additional
predictors such as water depth for reducing the error between back-
scatter datasets. Simulations in Misiuk et al. (2020) suggested that water
depth information was useful for reducing error in many of the models,
and a potential interaction between the depth and substrate-induced
signal attenuation was hypothesized. Where additional predictors are
included, statistical relationships with the backscatter error must be
carefully evaluated.
It is also interesting to consider model statistics and assessment in the
context of the inherent variability (noise) of backscatter data, which
commonly yields a ‘speckled’ appearance when mosaicked as a raster.
The model intercept is expected to usually explain most of the error be-
tween backscatter datasets, especially where their scales are drastically
different, yet the natural variability within backscatter datasets may ac-
count for most or all of the residual error after accounting for the inter-
cept. The simplest form of bulk shift is the addition of a single offset value
that corrects the mean of the error (i.e., residuals) to zero. Having zeroed
the mean of the residuals though, further model coefficients have the
difficult task of attempting to separate systematic error from noise, and
this yields a high potential for overfitting using flexible models (Misiuk
et al., 2020). Given high data variability, accounting for the slope of the
error via linear regression may allow for additional modest decreases in
error while largely avoiding the influence of backscatter data variability.
In this study, the inclusion of even a small slope term for the depth
variable (~0.02 dB/m) predicts a ~2 dB offset in error between the
deepest and shoalest areas for the EM1002 and EM3002 datasets (Fig. 4),
and this relationship appears fairly consistent amidst highly variable
data.
The Reson7111 dataset displayed greater internal variability and
depth variability than the Kongsberg datasets. In addition to minor
apparent differences in the backscatter levels of adjacent track lines
(Fig. 3), there appeared to be a loss of signal quality in the easternmost
section of the Reson dataset, where depth increases to > 200 m (Fig. 2).
The plot of depth vs. error (Fig. 5c) suggested a strong relationship (i.e.,
increasing error with depth), which was also observed previously (Misiuk
et al., 2020). Abrupt inconsistencies between adjacent survey lines, and7
in deeper waters, may be caused by changes to operating parameters of
the echosounder during acquisition (e.g., changes to gain). This can occur
manually or automatically in Reson systems, which can help to produce
higher quality bathymetric data, but at the expense of the backscatter
data quality (Lurton and Lamarche, 2015). The addition of bathymetry as
a predictor appears to have ameliorated some of the depth-dependent
error compared to the EM710 data, which may be a proxy for
depth-dependent changes to the sonar operating parameters. Despite the
depth inconsistency and internal variability though, the average error
between this dataset and the EM710 was reduced to levels comparable to
the other datasets after bulk shift harmonization.
The decision to harmonize multisource backscatter data should be
purpose-driven, as it requires assumptions regarding the compatibility of
the datasets that can introduce additional uncertainty into the estimation
of substrate properties. Conceptually, backscatter mosaics are a model of
seafloor reflectivity based on a number of oceanographic, substrate, and
operating conditions (Lamarche and Lurton, 2018). The harmonization
of backscatter mosaics, therefore, relies on modelling a set of models, and
the user should be conscious of the possibility of error propagation (i.e.,
the accumulation of error through multiple stages of modelling). The
consequences of error propagation may depend on the intended purpose
of the backscatter layer – potentially differing, for example, between
applications such as sample planning and high-resolution surficial geol-
ogy mapping. In the context of thematic mapping, the potential impacts
of error propagation should be contextualized given the level of thematic
and spatial map units. This is closely related to the analysis scale; low
resolution backscatter mosaics may represent either a) broad aggrega-
tions of higher-density soundings, or b) a large beam footprint, and may
therefore already constitute a coarse approximation of reflectivity over
an extensive area. Concerns over the propagation of error may be
correspondingly lower at broad scales compared to finer scale applica-
tions and mapping units. Regardless of the scale of analysis though, a
critical assumption when implementing a bulk shift harmonization is that
each backscatter dataset is internally consistent (Misiuk et al., 2020),
implying that relationships observed at one part of the dataset (i.e., at the
area of overlap) can be transferred to the remainder.
4.2. Classification
The classification generated using the harmonized backscatter mosaic
in this study produced similar results to those in Lacharite et al. (2018),
providing confidence that the harmonized mosaic is a consistent and
useful proxy for deriving a thematic seafloor map. Despite similar out-
comes though, use of a harmonized backscatter layer can provide several
benefits for classification. Accuracy can be enhanced through improved
Fig. 6. Benthoscape maps resulting from (a) initial segmentation among all four
separate coverages (‘Original’; Lacharite et al., 2018), (b) after manual
re-classification (‘Manual’; Lacharite et al., 2018), and (c) using the new
Harmonized Mosaic (this study).
Fig. 7. Gain or loss in surface area of each benthoscape in the new map using
the Harmonized Mosaic from this study relative to initial classification of the
four separate coverages (‘Original’; Lacharite et al., 2018) and after manual
re-classification (‘Manual’; Lacharite et al., 2018).
Fig. 8. Membership values of all image-objects in the Harmonized Backscatter
map (n ¼ 1981) and Original separate coverages (n ¼ 2080; Lacharite et al.,
2018). Averages of both groups are shown with dashed lines.
B. Misiuk et al. Science of Remote Sensing 3 (2021) 100015class definitions based on more ground-truth samples. In this study, the
average membership value increased relative to the Original thematic
map, and fewer image-objects were ‘unclassified’. Gains in membership
value occurredwhere ground-truth samples were sparse (e.g., Reson7111
dataset) and at boundaries between datasets, where uncertainty was
greatest. We note that the greatest gains in membership were obtained at
several clusters of high uncertainty identified in the original analysis.
Such gains in confidence would be unexpected if the backscatter layer
used for classification was not consistent across the area of ground-truth
coverage. Furthermore, predicted classes crossed dataset boundaries
where they previously caused classification discontinuities (prior to
manual reclassification). The increased availability of training samples
enabled by the use of a harmonized layer could also allow for assessment8
of the classification accuracy (e.g., with cross-validation), which was
infeasible in the analysis conducted on individual datasets. Practically,
using a single harmonized backscatter layer streamlines the analysis,
decreasing the need to manually re-classify image-objects.
Although the use of a single harmonized backscatter layer is efficient
and desirable for some applications, separate analyses on individual
multisource datasets may be preferable when they have been adequately
ground-truthed. Different operating specifications of individual sonar
systems can ultimately cause them to detect different seabed properties,
with differences in penetration depth relating to the operating frequency
being among the greatest concerns (Brown et al., 2019; Gaida et al.,
2018, 2019; Hamilton, 1972). While subtle differences in mapped seabed
characteristics between similar sonar systems may be moderated by data
aggregation (e.g., gridding backscatter measurements) and the scale of
analysis (e.g., classification of broad-scale image-objects), we expect such
resilience to diminish with increasing difference between acquisition
parameters (e.g., operating frequency). This was supported by findings in
Misiuk et al. (2020), in which increases in backscatter harmonization
error were observed with increasing difference between operating
Fig. 9. Gain in membership value [-1,1] of the new map derived from the Harmonized Backscatter mosaic relative to the Original segmentation and classification in
Lacharite et al. (2018). Extent of individual coverages is shown in dark grey. Image-objects used as samples are excluded.
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vidual and separate classifications for each MBES dataset require fewer
assumptions regarding the transferability of information between data-
sets, and separate classifications may therefore be preferable.
4.3. Other applications and context
The focus of this paper is on the applicability of backscatter harmo-
nization methods for benthoscape mapping using multisource sonar data,
yet there are other applications for which harmonization may be useful.
Benthic species distribution modelling (SDM) requires that the presence
or abundance of an organism be sampled across a range of environmental
variables to model and predict its distribution. Backscatter data can
provide essential substrate information for modelling benthic species
habitat, yet where multisource acoustic datasets are compiled to provide
environmental data, internally relative backscatter datasets may frag-
ment sampling of broader environmental variable ranges. While this
essentially presents similar difficulties as are addressed in this study, the
modelling of single taxa presents a continuous (i.e., regression) rather
than discrete (i.e., classification) problem, where increased sample size
and appropriate distribution are almost always critical (Hernandez et al.,
2006). Backscatter dataset harmonization may be used to avoid the
fragmentation of environmental variables for the continuous prediction
of benthic species distributions. Furthermore, the harmonized layer can
be utilized for ground-truth sample design prior to species or habitat
distribution modelling. An efficient approach to acquiring ground truth
across a range of benthic habitats is to target distinct environments a
priori. This is often accomplished using stratified sampling, where ground
truth sites are allocated across the range of environmental data values
expected to influence the distribution of interest. Backscatter is a com-
mon proxy used to represent substrate characteristics for such designs,
yet values of the backscatter layer must represent substrate properties9
consistently for the stratification to be meaningful. Backscatter harmo-
nization methods may be useful for sample planning where discontin-
uous multisource datasets hinder the targeting of distinct substrate types,
and data binning for the stratification should make the harmonized layer
more robust to minor differences in substrate-specific response between
datasets.
5. Conclusions
Here, benthoscape classification results produced using a bulk shift-
harmonized backscatter layer were compared to those from indepen-
dent, non-harmonized multisource layers. Findings suggested that the
harmonization provides several benefits for benthoscape classification
when using disparate backscatter data sources, including a more efficient
analysis, increased availability of training data, and a corresponding in-
crease in statistical discrimination between classes. We also emphasize
risks associated with the use of a harmonized multisource backscatter
layer though – namely, the potential for error introduction from the
detection of different bottom properties by different sonars (e.g., due to
differences in operating frequency). Where individual datasets have
adequate ground truth, treating them independently requires fewer as-
sumptions regarding compatibility of the data.
The proliferation of seabed mapping activities over the past two de-
cades has produced a wealth of data describing the seabed environment,
yet new challenges on the compatibility of compiled multisource datasets
require novel solutions. Compilation of acoustic backscatter is especially
challenging, given that recorded data values can be particular to a given
sonar model, set of operating specifications, or even a specific survey.
Despite these difficulties, and given the high cost of marine surveying, it
is critical to develop robust methods for utilizing seabed mapping data-
sets collected under a variety of circumstances. While particularly rele-
vant for legacy datasets, pragmatic approaches for maximizing the use of
B. Misiuk et al. Science of Remote Sensing 3 (2021) 100015contemporary survey data are also necessary. As demonstrated in this
study, the harmonization of disparate, uncalibrated backscatter datasets
is feasible, and can be useful for multisource thematic seafloor mapping
applications.
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